ABSTRACT
Introduction
Chile has been particularly successful in the reduction of poverty during the past 20 years, reducing the poverty rate from 45.1% in 1987 45.1% in to 18.8% in 2003 inequality has remained relatively constant during this period, and it continues to be among the highest in the world (Contreras and Larrañaga 1999; Ferreira and Litchfield 1999; Contreras, Larrañaga, and Valdés 2001; Contreras 2003 . For example, the Gini coefficient was 0.547 in 1987 and 0.546 in 2003 . This persistence of inequality has become a growing concern of the public and policymakers alike in recent years.
Inequality has been shown to have important effects on poverty, on social outcomes, and on local public finance. For example, for any given level of average income, greater inequality generally implies higher levels of poverty. Moreover, Ravallion (1997 Ravallion ( , 2004 shows that greater inequality causes poverty levels to fall at a lower rate. In terms of social outcomes, inequality at the local level impacts health, education, and the incidence of crime and violence (Deaton 1999) . The levels and heterogeneity of local impact may also impact tax collections and may have influence the optimal degree of decentralization and provision of public goods (Bardhan and Mookherjee 1999) . As a result, new theoretical advances in development economics have returned to emphasizing income distribution as an important outcome (Alesina and Rodrik 1994; Persson and Tabellini 1994; Aghion and Bolton 1997) .
As with most countries, income data in Chile are derived from household surveys; although surveys such as the National Survey of Socioeconomic Characterization (Casen) contain detailed information on income and a wealth of other information for a large number of households, they are not representative at at the sub-regional level. As a result, poverty and inequality in Chile have primarily been studied at the national and regional level (e.g., Contreras 1996; Contreras and Ruiz-Tagle 1997; Feres 2000; Contreras 2001; Pizzolito 2005a Pizzolito , 2005b ) rather than at the sub-regional level of provinces or counties.
Census data, by contrast, is representative at every level of aggregation (by definition), although they typically do not collect any information whatsoever about income. Censuses thus cannot not been used in the study of income inequality. This problem has motivated research into methods for combining survey and census data in order to obtain geographically-disaggregated estimates of poverty and inequality.
The design of these methods has advanced a great deal in recent years, and it is now possible to obtain disaggregated estimates that are statistically precise and reliable. This methodology originates with Hentschel, et al (1999) , who modeled consumption behavior in Ecuador using a group of explanatory variables that were available in both a nationallyrepresentative survey and the census. Using first-stage estimates based on the survey data, they estimated incomes for every individual in the census, thereby allowing the estimation of geographically-disaggregated poverty rates. The statistical reliability of this method was improved considerably by , who thoughtfully incorporated errors from the first stage to obtain more precise estimates of income, and thus better estimates of poverty at the local level. This methodology has since been use to estimate wellbeing at the local level in Ecuador and Madagascar, (Demombynes, et al. 2002) , South Africa (Demombynes and Özler 2005) , Mozambique , and India (Kijima and Lanjouw 2003) , and Cambodia (Elbers, et al. 2007 ).
1 In this paper, we adapt this methodology to the Chilean context to obtain precise estimations of inequality for every county in Chile.
The remainder of the paper is organized as follows: section 2 explains the methodology being used, both conceptually and in detail; section 3 provides detailed information about the data; section 3 describes the application of the methodology to Chile; section 5 presents the results with detailed maps describing inequality at the county level;
and section 6 concludes.
Methodology
The intuition behind the methodology proposed by Hentschel, et al (1999) and developed by is conceptually straightforward: a model of income or consumption is first estimated using survey data, restricting the explanatory variables to those also available in both the survey and a census undertaken at a similar point in time. These parameters are then used to estimate income or consumption for the entire population based on the census data. Finally, poverty and inequality indicators are estimated for geographic areas for which the census is representative but for which the survey is not.
Statistically, the methodology consists of estimating the joint distribution of the income or consumption and a vector of explanatory variables. Restricting the set of explanatory variables to those available in the census, the estimated joint distribution can be used to generate the distribution of the variable of interest for any subgroup of the population in the census, conditional to the observed characteristics of that subgroup. This also allows for the generation of a conditional distribution, point estimates, and prediction errors of the associated indicators such as poverty and inequality.
In a first stage, a model is created that relates the income per capita of household h (Y h ) in cluster c with a group of observable characteristics (X h ):
where the error vector u is distributed Γ(0,∑). To allow correlation within each cluster, the error term is further assumed to consist of a cluster component (η) and an idiosyncratic error (ε): The upper and lower limits, A and B, can be estimated together with the parameter α using the standard pseudo-maximum likelihood; the advantage of this approach is that it eliminates negative and excessively high values for the predicted variances. [ ]
where ξ is the vector of parameters of the model, including the parameters that describe the distribution of the error term. Replacing the unknown vectorξ , with a consistent estimatorξˆ, we get:
This conditional expected value is generally impossible to resolve analytically, making it necessary to use Monte Carlo simulations to obtain an estimator E c G .
One complication associated with this methodology is calculating the correct standard errors, which is not trivial. Because it is not possible to calculate them analytically, we again resort to bootstrapping techniques and Monte Carlo simulations. Suppressing the subscripts, the difference between the estimator of the expected value of G, E c G , and the actual level of the inequality indicator for the geographic area can be decomposed into:
The prediction error thus has three components: the first is due to the presence of a stochastic error in the first stage model, implying that the actual household incomes deviate from their expected values (idiosyncratic error); the second is due to the variance in the estimators of the parameters of the model from the first stage (model error); and the third is due to the use of an inexact method to calculate c Ĝ (calculation error).
The variance of the estimator due to the idiosyncratic error shrinks proportionally with the population in each geographic area. Thus, smaller populations within each geographic area are associated with larger idiosyncratic errors, introducing a limit to the extent of disaggregation that may be achieved. The variance of the estimator due to the model error can be calculated using the delta method: 
Finally, it is important to underscore the crucial assumption that the models estimated using survey data are applicable to the observations of the census. This assumption is reasonable enough if the year of the census and the survey coincide or are close. In the case of this particular study, the 2002 census is matched with the 2003 Casen survey, making the assumption implicit in the methodology reasonable.
Data
The survey employed in the first stage of the methodology described above is the November 2003 National Survey of Socioeconomic Characterization (Casen). The data collected include demographic characteristics for the household members, distinct sources of income including state transfers, living conditions, ownership of certain durable goods, access to sanitation, and health and education characteristics. The Casen survey is undertaken by the Ministry of Planning (Mideplan), but the data are adjusted by the Economic Commission for Latin America and the Caribbean (ECLAC) using a system of national accounts as a reference. These adjustments consider the problems generated by the lack of income data for some households and the under or over representation of some income categories in the sample.
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The survey utilizes a multistage method of random sampling with stratification. In the first stage, the country was divided between rural and urban areas for each of the 13 regions, and the primary sampling units are selected with probabilities proportional to the population. In the second stage, households are selected into the sample with equal probability. 4 The final sample includes 68,153 households comprising 257,077 people. there is no consensus with respect to the validity of the county representativeness, and various researchers consider the representativeness to be only national and regional (e.g., Valdés 1999; Contreras, et al. 2001; Pizzolito 2005a Pizzolito , 2005b .
Using the Casen alone to calculate inequality yields results that allow for very few conclusions given the magnitude of the errors, a problem that persists at the regional level as well as the county level. For example, the Gini coefficient estimated by the Casen for the Region I is 0.495, but with a standard error of 0.053, the 95% confidence interval ranges from 0.392 to 0.599. The evidence presented in the results section below as well as those obtained from similar studies in other countries, show that the standard errors obtained by imputing income (or consumption) to census data are much lower than the ones obtained using survey data . 
Methodology applied to Chile
To impute income or consumption data into the census, a set of explanatory variables common to both the Casen and the census must be identified. Although some explanatory variables are defined identically in both data sets, others were constructed; regardless, the means and variances of the variables we employ were evaluated to ensure that the explanatory variables are indeed the same. Table 1 lists the set of variables available in both the census and the Casen. It is important to note that the objective of this first-stage regression is not to determine causality, but rather to make the best possible prediction of per capita income based on observable characteristics of each household. Given that the observable predictors vary across Chile's 13 regions, separate regressions are estimated for each. In each, county dummies variables were also included to capture the local geographic effects.
Results
The 6 Although the methodology is identical for any common indicator of inequality, we choose to focus on the Gini coefficient is used for two reasons. First, the Gini coefficient is widely used measure and generally well understood.
Second, experiments and surveys that measure aversion to inequality empirically have shown that a function of wellbeing based on the Gini coefficient presents a much better description of the data than measures based on the absolute or relative aversion to inequality (Amiel, Creedy, and Hurn 1999). 7 The estimated Gini coefficient and standard errors for each county are available at: http://www.economiaynegocios.uahurtado.cl/html/claudio_agostini.html These inequality maps show that variability in county-level inequality is quite high. Comparing the distribution of the county Gini coefficients to the national Gini coefficient shows that the great majority of counties have levels of inequality below the national level. This shows that although the inequality between counties is very important, there also exists a considerable amount of variation between the households within each county. This result is not at all surprising -the evidence from Ecuador, Madagascar and
Mozambique is similar (Demombynes, et al. 2002) -and simply reflects that local communities are more homogeneous than Chile as a whole.
Perhaps the best way to represent the variability of inequality is to estimate its distribution. Figure 9 thus shows a histogram of the Gini coefficients together with a Kernel estimation for the distribution. As the figure shows, the estimated empirical distribution is not symmetrical and there is a greater proportion of counties with relatively more inequality, with respect to the average, than counties with less inequality. In the future, it would be interesting to repeat the exercise using the 1992 census and the 1992 Casen survey. This would allow a comparison of two inequality distributions with ten years of difference to better understand the evolution of inequality at the local level.
Conclusions
The principal objective of this work was to produce disaggregated estimates of inequality for Chile. This was achieved by applying the methodology developed by the 2002 population census and the 2003 Casen survey. The resulting estimates make it possible to extend the analysis of income distribution at the regional level exemplified by Contreras (1996) and Contreras and Ruiz-Tagle (1997) to sub-regional units.
One application for which our estimates have obvious use is develop better targeting for public policies aimed at reducing inequality. Moreover, these measures of local inequality enable the new investigations into the effects of inequality on a wide spectrum of social outcomes. * significant at 5%; ** significant at 1%
Appendix: First-stage estimates

